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ABSTRACT

COMPARISON OF STANDARD AND ENVIRONMENTAL DNA METHODS FOR
ESTIMATING CHINOOK SALMON SMOLT ABUNDANCE IN THE KLAMATH
RIVER, CALIFORNIA

Doyle J. Coyne

Evaluating abundance of juvenile salmonids is critical to conservation and
management. Current abundance estimation involves use of rotary screw traps and markrecapture studies. Use of environmental DNA (eDNA) in water samples offers a
noninvasive and less expensive approach that may potentially improve or eventually
replace traditional monitoring. Here I evaluate the utility of eDNA to predict weekly
abundance estimates of outmigrating Chinook salmon (Oncorhynchus tshawytscha)
smolts in the Klamath River, California. A total of 15 water samples were collected per
week over the 17-week smolt outmigration in both 2019 and 2020. Chinook salmon
eDNA concentration in each water sample was determined using a species-specific
quantitative PCR assay. I compared traditional abundance estimates from a rotary screw
trap to the weekly eDNA rate, a metric corrected for variable flow (stream flow (cfs) x
eDNA concentration). The best fit model included eDNA rate and temperature and
explained 77% of the variation in weekly abundance. In an assessment of eDNA
methods, I found that filtering 1-liter of water with 0.45 µm cellulose nitrate filters
captured more eDNA than filtering 2-liters with 3 µm polycarbonate filters and that
ii

surface grab samples yielded more eDNA on average than 24-hour composite samples
taken using an automated sampling device. A resampling analysis revealed that collecting
more days per week and taking more water samples per day both resulted in improved
deviance explained by the model; however, if resources are limited, collecting more days
per week provided greater improvements than taking more water samples per day. These
results suggest that eDNA may potentially be a useful predictor of weekly abundance of
out-migrating Chinook salmon smolts. However, when estimates of abundance were less
than 13,500 smolts per week, the concentration of eDNA was too low to accurately
estimate concentrations. Furthermore, the majority of eDNA measurements for this study
were below the threshold determined for reliable quantification with defined precision.
The study system evaluated here, where Chinook salmon smolt abundances ranged from
10,000 to over 1 million per week, may have provided an ideal setting for evaluating the
utility of using eDNA concentrations to predict abundance. However, to utilize eDNA for
standardized monitoring, further improvements of eDNA methods are needed for
estimating smolt abundance.
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INTRODUCTION

Environmental DNA (eDNA) in water samples has rapidly emerged as an
alternative to standard aquatic species monitoring (Jerde et al. 2011, Goldberg et al. 2011,
Taberlet et al. 2012, Thomsen et al. 2012, Goldberg et al. 2013, Santas et al. 2013,
Mahon et al. 2013, Kelly et al. 2014, Schmelzle and Kinziger 2016, Erickson et al. 2016).
eDNA monitoring involves the capture of macrobial DNA, either extracellular or cellular,
that is shed or excreted from an organism into its environment (Goldberg et al. 2011,
Rees et al. 2014). Potential advantages of eDNA monitoring include lower cost, and
substantially less surveying time than traditional methods (i.e., seining, trawling, or
electrofishing), as well as being less invasive with no take of imperiled species (Bohmann
et al. 2014, Jerde et al 2011). While eDNA has been used widely for the detection of
organisms in aquatic environments, the use of eDNA concentrations as a proxy for
determination of relative species abundance in aquatic environments is less understood
(Amos et al. 1992, Ficetola et al. 2008, Jerde et al. 2011, Takahara et al. 2012, Thomsen
et al. 2012, Santas et al. 2013, Doi et al. 2017, Klobucar et al. 2017, Yates et al. 2019).
Many studies have shown strong relationships between species-specific eDNA
concentration and abundance or biomass of organisms in laboratory experiments or
controlled environments (Takahara et al. 2012, Doi et al. 2015, Klymus et al. 2015,
Lacoursière‐Roussel et al. 2016, Schmelzle and Kinziger 2016), but the extent to which
these relationships can be standardized for use in natural environments remains elusive
(Yates et al. 2019). Furthermore, unresolved limitations and uncertainties have prevented
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broad acceptance of eDNA sampling as a replacement for traditional methods (Sepulveda
et al. 2021).
The anadromous life history of migrating salmon is well suited for evaluating
eDNA concentration as a predictor of fish abundance. DNA is shed from adults as they
migrate upriver to spawning grounds and from juveniles as they outmigrate to the ocean.
Several studies have shown that eDNA in lotic environments settles over short distances
and degrades to a large extent over short time periods (e.g., 24 hours), meaning that the
concentration of eDNA measured at a fixed point should be representative of fish in the
immediate vicinity at a given time (Jane et al. 2015, Jerde et al. 2016, Spence et al. 2020).
Investigations of the utility of eDNA for estimation of salmonid abundance suggest that
eDNA concentrations are a strong predictor of both outmigrant and adult spawner
abundance (Tillotson et al. 2018, Levi et al. 2019), but eDNA methods have not yet been
used to predict estimates produced by rotary screw traps.
Chinook salmon (Oncorhynchus tshawytscha) are a culturally, commercially, and
ecologically important resource supporting subsistence, sport, and commercial fisheries
in the Klamath River basin of northern California and southern Oregon. Dramatic
declines in the abundance of Chinook salmon have occurred due to overfishing, logging,
mining, water diversion, and dam construction, among other stressors (David et al. 2017).
Accurate monitoring of population dynamics is paramount to rebuild stocks and
sustainably harvest fish (Beverton & Holt, 1957). A critical monitoring parameter for
Chinook salmon on the mainstem Klamath River is determination of smolt (age-0)
outmigration timing, weekly abundance, and overall abundance (David et al. 2017).
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These data are used to assess status and trends of Chinook salmon in the Klamath River
and also provide information for disease monitoring and salmon production models. For
the purposes of smolt abundance estimation, weekly counts of age-0 Chinook salmon are
determined using rotary screw traps. The catch data is combined with estimates of trap
efficiency from mark-recapture studies to estimate weekly and seasonal abundance using
time-stratified approaches. However, current monitoring techniques (e.g., rotary screw
trap, frame net sampling) are costly, require a significant number of personnel, and are
subject to environmental conditions that can lead to missing data (e.g., flawed sets due to
debris or high flows; David et al. 2017).
While recent studies suggest that eDNA methods could potentially be applied to a
wide variety of systems, uncertainty remains regarding the use of eDNA concentration as
a predictor of species abundance (Yates et al. 2019, Sepulveda et al. 2021). Natural
environments, especially rivers, exhibit significant spatial and temporal variability of
environmental factors. Water temperature and flow have been identified as key abiotic
factors affecting eDNA production, transport, and degradation (Pilliod et al. 2014, Deiner
et al. 2015, Strickler et al. 2015). In aquarium experiments with brook charr (Salvelinus
fontinalis), warmer temperatures were correlated with increased eDNA concentrations
(Lacoursière-Roussel et al. 2016b). In other lab experiments, warmer temperatures were
shown to significantly increase degradation rates of American bullfrog eDNA (Strickler
et al. 2015). In natural settings, specific effects of temperature have been more difficult to
quantify and are further confounded by the influence of temperature on animal behavior,
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which may have direct effects on animal abundance regardless of eDNA concentration
(Rourke et al. 2021).
Water flow has been identified as an abiotic factor impacting the downstream
transport, mixing, settling, retention and resuspension of eDNA in lotic systems (Harrison
et al. 2019). If the concentration of eDNA in a river is a function of the amount of DNA
shed and the streamflow, then as flow increases the available DNA becomes more dilute.
Accounting for the dilution of eDNA concentrations by streamflow led Levi et al. (2019)
to develop a flow-corrected eDNA rate calculated as the product of stream flow and
eDNA concentration. Pochardt et al. (2019) applied flow-corrected eDNA rate to predict
overall spawning abundance of eulachon (Thaleichthys pacificus) in a large river in
Alaska. Flow-corrected eDNA rate served as a stronger predictor of fish abundance than
eDNA concentration alone (Levi et al. 2019, Pochardt et al. 2019). The concentration of
Chinook salmon eDNA was expected to be impacted by the amount of eDNA shed and
its dilution at variable levels of river flow.
Further complicating the difficulties associated with using eDNA to estimate
abundance is uncertainty about the best approaches to filter, extract, and quantify eDNA
(Klymus et al. 2019, Yates et al. 2019). Questions remain regarding the frequency of
collection and the most effective methods of water collection, filtering, DNA extraction,
and quantification. Levi et al. (2019) recommended sampling at least daily to accurately
characterize abundance of migrating salmon. However, since Chinook salmon smolts are
expected to out-migrate in pulses with high numbers migrating at night (Chapman et al.
2013), collecting water at a discrete daily time point likely fails to adequately
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characterize these episodic events. Sampling on a more frequent basis (i.e., hourly) could
potentially catch eDNA pulses that less frequent sampling approaches miss.
Multiple filtering approaches have been used to assess the relationship between
eDNA concentration and fish abundance, with some studies making direct comparisons
(Lacoursière-Roussel et al. 2016b, Eichmiller et al. 2016), however no clear consensus
has been reached as to which filters produce the most effective measure of eDNA
concentration. One of the main considerations when choosing filter type is the pore size.
Filters with larger pores allow filtering of a larger volume of water, however smaller pore
sizes have been shown to capture eDNA more efficiently (Turner et al. 2014). The most
effective filter for a given application may be site-specific depending on environmental
conditions (Lacoursière-Roussel et al. 2016b, Eichmiller et al. 2016).
This study aimed to evaluate the utility of eDNA methods for predicting weekly
Chinook salmon abundance estimates produced by traditional trapping methods on the
mainstem Klamath River, California, USA. The weekly Chinook salmon smolt
abundance estimates were obtained from a standardized monitoring survey using rotary
screw traps and mark-recapture. The approach for estimating eDNA concentration was
adapted from recent literature (Levi et al. 2018, Pochardt et al. 2019, Tillotson et al.
2018). The objectives of this study were to 1) evaluate whether eDNA concentrations and
associated covariates can be used as to predict weekly estimated Chinook salmon smolt
abundance; and 2) compare eDNA methods, including water filtering approaches (2 liter
(L) with 3 micron (µm) vs. 1 L with 0.45 µm), sample types (surface grab vs. composite)
and sampling frequencies (number of samples per day and number of days sampled per
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week). Given the declining trend of Chinook salmon in the Klamath basin, increased
accuracy in monitoring Chinook salmon smolt production with noninvasive methods is
crucial to rebuilding the stock.

7
METHODS

Study Site

The Klamath River of southern Oregon and northern California drains an area of
over 40,000 square kilometers (Bartholow 2005), and is home to commercially,
recreationally, and culturally significant stocks of Chinook salmon, coho salmon, and
steelhead, as well as many other ecologically important species. Iron Gate Dam, the
upstream terminus of anadromy on the Klamath River, is an impassable barrier to
Chinook salmon and prevents access to approximately 970 river kilometers (rkm) of
spawning and nursery habitat (Hamilton et al. 2005). To mitigate the impacts of dam
construction, Iron Gate Hatchery, which is located adjacent to Iron Gate Dam, was
established in 1963 and releases approximately 6 million juvenile Chinook salmon each
year (Hankin and Logan 2010). To determine the weekly and annual abundance of
outmigrating Chinook salmon smolts of both natural and hatchery origin, the United
States Fish and Wildlife Service (USFWS) in collaboration with the Karuk tribe and the
United States Geological Survey (USGS) have been trapping juvenile salmonids using
rotary screw traps at several sites on the mainstem Klamath River for over 20 years
(David et al. 2017). In this study, eDNA concentrations of Chinook salmon in water
samples collected at the Kinsman Creek trap site (rkm 237.55) were used as a predictor of
Chinook salmon abundance obtained from rotary screw trap monitoring at the same
location (David et al. 2017). The rotary screw trap (RST) at the Kinsman Creek site is
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located just upstream of the Kinsman Creek confluence with the Klamath River, and is 71
rkm downstream of Iron Gate Hatchery (41.809, -123.013) (Figure 1).

Figure 1. Map of middle Klamath River with Kinsman rotary screw trap site, Iron Gate
Dam (red dot), and United States Geological Survey (USGS) gauging stations
identified (blue dots) (David et al. 2017, modified).

9
Trap Estimates of Abundance

To estimate the abundance of outmigrating juvenile Chinook salmon, a five-foot
diameter RST was deployed at the Kinsman Creek site (Figure 2) and operated 17 weeks
in 2019 (March 7 to June 28) and 17 weeks in 2020 (March 2 to June 26). The trap was
fished four nights per week (Monday through Thursday), and all captured Chinook
salmon were counted and evaluated for marks the following morning (David et al. 2017).

Figure 2. Kinsman RST and side channel looking upstream (left) and downstream (right).
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Mark-recapture methods were used to estimate RST efficiency for age-0 Chinook
salmon at the Kinsman RST site. Iron Gate Hatchery age-0 Chinook salmon were stained
with Bismarck Brown and released approximately 0.5 miles upstream from the RST to
allow the fish to spread out and resemble the naturally outmigrating population. The
number of marked fish released, and the number of marked fish recaptured by the RST
were used to estimate trap efficiency (David et al. 2017). To estimate Chinook salmon
weekly smolt abundance, weekly counts of age-0 Chinook salmon from RST catches are
combined with estimates of trap efficiency from mark-recapture studies using timestratified approaches (David et al. 2017).
Environmental DNA Concentration Estimates

Three 1-liter water samples were collected 5 days per week (Monday to Friday)
during the ~17-week Chinook salmon outmigration period in 2019 and 2020. Overall,
489 1-liter surface water samples were collected, including 238 from March 7 to June 28,
2019, and 251 March 2 to June 26, 2020.
Water samples were taken from the RST pontoon immediately upstream from
where the water enters the trap by dragging a sterile Whirl-Pak bag along the surface. To
avoid contamination, water samples were collected prior to handling fish, sterile nitrile
gloves were worn for water collection, and the three replicate water samples were taken
sequentially.
This study was conducted from early March to late June when adult migrants of
Chinook salmon are not present in the Klamath River. It was assumed that the eDNA
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signal would have been exclusively from Chinook salmon smolts. Any adult carcasses
from fall-run would be in an advanced state of decomposition (i.e., from the previous
December) and spring-run have been extirpated from the upper Klamath River (Hamilton
et al. 2005).
Water samples were filtered onsite immediately after collection using a stainlesssteel filter manifold with three vacuum outlets connected to a pneumatic hand pump
(EWK EB0103A) (Figure 3). One-liter water samples were filtered through 0.45-micron
(µm) cellulose nitrate filters (47mm Whatman, GE healthcare). Filtration was conducted
by maintaining pressure with the pump until the entire volume of the sample was filtered
or until 30 minutes had elapsed, whichever happened first. After 30 minutes, the total
filtered volume was estimated to the nearest 5 mL using a graduated cylinder. To check
for contamination, a field blank was processed each day. The field blank consisted of a
237 mL bottle of store-bought drinking water filtered through a 0.45 µm cellulose nitrate
filter. All filters were immediately placed at -20°C and stored for up to one week prior to
DNA extraction.

12

Figure 3. Shannon Boyle (USFWS) filtering eDNA samples in the field (2019).
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Molecular Methods

DNA isolation was performed in a dedicated PCR free laboratory that was
irradiated with UV light for 120 minutes prior to DNA extraction. Filters were thawed at
room temperature and placed into 2 mL eppendorf lo-bind microcentrifuge tubes. DNA
extraction was performed using the Qiagen DNeasy Blood and Tissue Kit (Qiagen
69506) following the manufacturer recommendations with the following exceptions.
Digestions of filtered material were conducted using 40 µl proteinase K and 360 µl buffer
ATL. Digestions were placed in an eppendorf thermomixer overnight at 56°C and
agitated at 1000 RPM to induce cell lysis. Filters and lysate were then placed into
Qiashredder homogenizer columns (Qiagen 79656) and centrifuged at 13,000 RPM for 2
minutes to ensure complete collection of lysate from filters. In the final step, DNA was
eluted in 100 µl buffer AE and stored at -20°C until qPCR analysis.
The concentration of Chinook salmon DNA in each water sample was determined
using quantitative PCR (qPCR) and a Chinook salmon specific assay developed by the
U.S. Forest Service National Genomics Center for Wildlife and Fish Conservation at the
Rocky Mountain Research Station, Missoula, Montana. The assay includes a TaqMan
minor groove binding probe labeled with FAM and a non-fluorescent quencher. The
assay targets a 131 base pair fragment of the mitochondrial Cytochrome b gene.
Quantitative PCR experiments were performed using an Applied Biosystems
QuantStudio 3 instrument. Each 15-µl reaction consisted of: 7.5 µl Environmental Master
Mix 2.0 (Applied Biosystems 4396838), 900 nanomolar (nM) forward primer, 900 nM
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reverse primer, 250 nM TaqMan probe, 2 µl DNA template, and water. The assay was
tested for specificity to Chinook salmon DNA in vitro by applying the Chinook-specific
assay to closely related non-target species that occur in the study area. DNA extracted
from tissue of coho salmon (O. kisutch), steelhead (O. mykiss), and coastal cutthroat trout
(O. clarkii clarkii) showed no amplification.
The qPCR reactions for the 2019 samples were run in duplex with a Chinook
salmon assay and an internal positive control (IPC) (Kavlick 2018). The IPC included 50
nM forward primer, 300 nM reverse primer, 250 nM probe (TaqMan minor groove
binding probe, non-fluorescent quencher, labeled with VIC) and 1000 copies per reaction
of double stranded HPLC-purified IPC template DNA The qPCR reactions for the 2020
samples were run in duplex with the Chinook salmon assay and a Ceratonova shasta
assay (Hallett and Bartholemew 2006). The assay employs a combination of primers and
probe specific to the 18S rDNA sequence of Ceratomyxa shasta (GenBank Accession
No. AF001579). Primers, probes, and the concentrations used in qPCR reactions are as
follows: forward primer (800 nM), reverse primer (800 nM), and probe with 5’ HEX
fluorophore (IDT) (200 nM). The C. shasta environmental DNA concentrations were not
analyzed for this study but are described here for clarity about how the Chinook salmon
samples were run.
The cycling conditions were the same for both years and consisted of an initial
denaturation step for 10 minutes at 95°C, followed by 50 cycles of denaturation for 15
seconds at 95°C and annealing for 1 minute at 60°C. Each analysis included a notemplate control in which PCR grade water was used in place of template DNA. The
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quantification cycle (Cq) value was defined as the number of thermal cycles required for
an amplified PCR product to accumulate to a point that it crosses a threshold recognized
by the qPCR instrument. Quantitative PCR reactions were set up inside a dedicated PCR
cabinet where plastic consumables were irradiated with UV light for 120 minutes and
surfaces were wiped down with RNAse AWAY™ prior to setup.
Concentration of Chinook salmon eDNA was determined using standard curve
approaches. A serial dilution was made from an extracted Chinook salmon tissue sample
purified using a Qiagen DNeasy Blood and Tissue Kit (Qiagen 69506). The curve
consisted of six replicates of each standard dilution at relative concentrations of 0.1, 0.01,
0.001, and 0.0001 as well as 24 replicates at relative concentrations of 0.00001 and
0.000005. Standard dilutions were made by diluting extracted DNA into Tris-EDTA
buffer. The middle 2 quartiles of standards with ≥50% detection were included in the
linear regression calculations for the standard curve (Klymus et al. 2019). Concentration
of the standards was determined using digital droplet PCR (ddPCR) on a Biorad QX200
Droplet Digital PCR System. For measurement of environmental samples, triplicate
qPCR analyses were run for each water sample and concentrations were derived from the
equation of the standard curve. Mean copy number per liter was determined by scaling
the eDNA concentration by the volume of water filtered. The concentration from the
three daily water samples was averaged to produce an estimate of the daily eDNA
concentration.
The limit of detection (LOD), and the limit of quantification (LOQ) were
determined using the LOD/LOQ calculator published by Klymus et al. (2019). The LOD
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was calculated as the lowest concentration that produced at least 95% positive
amplification in the standard curve replicates. The LOQ was calculated using an
exponential decay model fitting method to determine the lowest standard concentration
that could be quantified with a coefficient of variation (CV) of less than 0.35.
Data Compilation and Statistical Analysis

eDNA and trap estimates of weekly smolt abundance
To account for highly variable levels for river flow on eDNA concentration, each
day’s eDNA concentration (copies per liter) was multiplied by the mean daily flow (cubic
feet per second) to produce an eDNA rate (copies per second) (Levi et al. 2019). Weekly
eDNA rate in each week was estimated as the mean of the daily eDNA rates. For
comparison, a non-flow-corrected eDNA abundance per week was estimated as the mean
of the daily (non-flow-corrected) eDNA concentration.
Discharge, measured in cubic feet per second (cfs), was not available directly at
the Kinsman site. Therefore, discharge was calculated using Klamath River discharge
near Seiad Valley, California (USGS Gaging Station 11520500) minus discharge from
the Scott River near Fort Jones, California (USGS 11519500). Weekly average flow
measurements were taken as the mean of daily average discharge measurements in cfs of
days that eDNA samples were collected.
Temperature at the Kinsman RST site was assumed to be the same as water
temperature measured using a HOBO logger at the nearby USFWS river temperature
monitoring site KRSC3 (rkm 234.3). Temperature readings were taken in the shade in
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moving water. Temperature readings were collected every half hour and daily average
temperatures were taken as the mean of 48 temperature readings taken across a 24 hour
period. Weekly average temperatures were calculated as the average of the daily values
including only those days that eDNA samples were collected.
The relationship between weekly estimates of Chinook salmon abundance from
the RST and eDNA estimates was evaluated using a generalized linear model. To account
for overdispersed RST abundance estimates, a negative binomial distribution with a log
link was used. To fit the data using a negative binomial distribution, RST abundance
estimates were rounded to the nearest integer. Explanatory variables were scaled to have
a mean of zero and standard deviation of one. Candidate models included the weekly
Chinook salmon outmigration estimate from trapping as the response variable and weekly
eDNA rate, weekly eDNA concentration, log(eDNA rate), log(eDNA concentration),
weekly average temperature (°C), year, the interaction of year and weekly average
temperature, and the interaction of year and eDNA rate as predictors. Care was taken not
to include collinear variables such as flow and eDNA rate, eDNA rate and log(eDNA
rate), and eDNA concentration and log(eDNA concentration) in the same model. Models
were ranked using Akaike’s information criterion, with a correction for small sample
sizes (AICc, Burnham & Anderson, 2004) and models with AICc values lower than 2
were favored. A drop in deviance test and a lack of fit test were performed to assess
model fit. Deviance explained by the model was estimated by calculating the pseudo Rsquared following Zuur (2009). Models were fit using the package MASS v7.3-51.5
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(Venables & Ripley 2002) using the software R Studio Version 1.2.5033 (R Studio Team
2015).
Re-sampling analysis
To evaluate the effect of the number of surface grabs per day and number of
collection days per week on the deviance explained by the best fit model, a resampling
analysis was conducted. Random samples were drawn (with replacement) from each
week’s estimates of eDNA rate. A distribution was constructed describing the deviance
explained, out of 10,000 trials, for all 21 combinations of water samples per day (1, 2,
and 3) and collection days per week (1, 2, 3, 4, 5).
Filtering approach comparison
In 2019, one additional 2 L water sample was collected each day and filtered
through a 3 µm poly-carbonate filter (47mm Whatman, GE healthcare) for comparison to
the standard approach (1 L water sample filtered through 0.45 µm CN filter). The DNA
extractions and qPCR for the 2 L samples filtered with 3 µm poly-carbonate filters were
the same as those used for the 1 L water sample filtered through 0.45 µm CN filter. To
compare the two methods, only data from the 60 days when both filters were used was
included. Weekly eDNA rate and eDNA concentration were calculated for both filter
types as described above. Generalized linear models with negative binomial distributions
were fit, that included eDNA concentration and eDNA rate for each filtering approach as
possible predictors to determine which filtering method produced the best prediction of
Chinook smolt abundance. AICc was used to determine the best model for each filtering
approach. Deviance explained by the models was used to determine which filter type
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produced a better estimate of Chinook salmon smolt abundance. Average concentrations
produced by each filter type were compared using a student’s t-test in the package ‘stats’
version 4.2.0 in the software R Studio Version 1.2.5033 (R Studio Team 2015).
Water sample comparison
In 2020, two different sample collection methods were compared: grab samples
taken at the surface (as described above) versus composite samples. The composite
samples consisted of twelve 1-liter draws taken every two hours over a 24-hour period
and pooled into a 12-liter composite sample. The composite samples were taken by an
ISCO portable sampler (Teledyne ISCO) that was programmed to sample Sunday
through Friday each week for five composite samples per week. The composite sample
was thoroughly mixed, and three replicate 1 L samples were collected from the composite
mixture using sterile whirl-pak bags. The composite sampler was then rinsed with filtered
water and set for the following day. Overall, 230 composite samples were collected
across 17 weeks in 2020 from weeks 10-26. The replicate composite samples were
processed the same way as the grab samples (i.e., filtered using 0.45 µm cellulose nitrate
filters, etc.). For analysis, data were trimmed to include only weeks when both grab and
composite samples were collected. Weekly eDNA rate and eDNA concentration were
calculated as described above. Generalized linear models with negative binomial
distributions were fit as described above and AICc was used to determine the best model
for each sample type. Deviance explained by the models was used to determine which
sample type produced a better estimate of Chinook salmon smolt abundance. Average
concentrations produced by each sample type were compared using a student’s t-test in
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the package ‘stats’ version 4.2.0 in the software R Studio Version 1.2.5033 (R Studio
Team 2015).
Internal positive control analysis
In 2019, an internal positive control (IPC) was used to assess qPCR inhibition.
The mean Cq value of all internal positive control reactions for a given week was used as
a proxy for inhibition in qPCR reactions. Biotic factors such as leaf litter have been
shown to cause inhibition of qPCR reactions (Jane et al. 2015), and Cq shift has been
used as a measure of inhibition in environmental samples. For this analysis, only days
when the IPC was applied to the qPCR reactions were included. Weekly eDNA rate and
eDNA concentration were calculated as described above. A generalized linear model with
negative binomial distribution was fit that included eDNA rate, log(eDNA rate), eDNA
concentration, log(eDNA concentration), temperature, and IPC Cq as predictors of
Chinook smolt abundance. All possible predictor variable combinations were fit using the
function “dredge” in the package MuMIn (version 1.43.17), software R Studio Version
1.2.5033 (R Studio Team 2015).
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RESULTS

Total Smolt Abundance Estimates 2019 and 2020

In 2019, the estimated total Chinook salmon smolt abundance throughout the
season was 6.3 million and was considerably higher than 2020 when abundance was
estimated at 1.3 million for the season. Weekly Chinook salmon smolt abundance in 2019
ranged from a minimum of 36,685 in week 22 (95% confidence interval: 15,347 70,800) to a maximum of 1,725,440 in week 16 (95% confidence interval: 848,362 3,254,366) with a median across the season of 172,817 (Figure 4). In contrast, in 2020
weekly abundance ranged from a minimum of 3,031 in week 26 (95% confidence
interval: 1,092 - 5,636) to a maximum of 172,664 in week 19 (95% confidence interval:
109,491 - 234,390), with a median across the season of 83,486 (Figure 5).
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Figure 4. Plots of flow (A), temperature (B), eDNA concentration (C), eDNA rate (D),
and estimated outmigrant abundance including 95% credible intervals (D), by
week for the 2019 outmigration season.
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Figure 5. Plots of flow (A), temperature (B), eDNA concentration (C), eDNA rate (D),
and estimated outmigrant abundance including 95% credible intervals (D), by
week for the 2020 outmigration season.
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Environmental Variables

Weekly temperature
In 2019, water temperature at the Kinsman site increased almost monotonically
throughout the sampling season with a slight decrease in weeks 19-21. The lowest
average weekly temperature was 6.5°C in week 11 and the highest was 20.8 °C in week
25 (Figure 4). In 2020, water temperature similarly increased throughout the sampling
season with the lowest average weekly temperature of 7.6°C in week 10 and the highest
of 21.9°C in week 26 (Figure 5).
Weekly flow
Flow at the Kinsman RST site, (measured as Klamath River discharge near Seiad
Valley, California minus discharge from the Scott River near Fort Jones, California), was
highly variable between 2019 and 2020 as well as within years. Flow in 2019 was
considerably higher than in 2020. In 2019, mean weekly flow at the Kinsman RST site
ranged from a minimum of 1,411 cfs in week 26 to a maximum of 11,900 cfs in week 15,
with a median of 3,623 cfs (Figure 4). In contrast, for 2020, the mean weekly flow ranged
from a minimum of 1,235 cfs in week 26 to a maximum of 3,179 cfs in week 18, with a
median of 1,550 cfs (Figure 5). The highest flow recorded at the Kinsman site in 2020
coincided with the April 22 - May 1 dam releases from Iron Gate reservoir that were
intended to reduce the risk of disease for coho salmon (Bureau of Reclamation 2020).
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Weekly eDNA Concentration

The equation of the standard curve for the Chinook salmon cyt-b assay was y =
3.815x + 37.716 with an R-squared of 0.983, where y is equal to Cq value and x is equal
to log(DNA concentration) in copies per microliter of the DNA extract. PCR efficiency
was 83% (Figure 6). The LOD/LOQ calculator determined that the LOD for an
individual qPCR reaction was 2.94 copies per µl, the LOD for three replicate qPCR
reactions was 1.13 copies per µl, and the LOQ was 14 copies per µl (Figure 6). All
weekly eDNA concentrations measured for this study were below the LOQ.

26

Figure 6. Standard curve plot with Cq value on the y-axis and standard concentration in
copies per microliter of DNA extract on the x-axis. Points drawn with black
circles are the middle 2 quartiles of standards with ≥50% detection and were
included in the linear regression calculations. Points drawn with blue pluses (+)
are outside the middle 2 quartiles or for standards with <50% detection and were
not included in the linear regression calculations (Klymus et al. 2019). Standard
concentrations were quantified using digital droplet PCR.
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In 2019, average weekly eDNA concentration measured in copies of target DNA
per liter of water reached a maximum of 809 copies per liter in week 16. The minimum
concentration of eDNA measured was 65 copies per liter in week 21 (Figure 4). In 2020,
the maximum weekly eDNA concentration was 750 copies per liter in week 19 and the
minimum weekly concentration was 92 copies per liter in week 26 (Figure 5).
eDNA Estimation of Chinook Salmon Smolt Abundance

A generalized linear model with a negative binomial distribution was fit to
determine the relationship between estimated Chinook smolt abundance and eDNA using
data from both 2019 and 2020. The model with the lowest AICc value included the
weekly eDNA rate (p < 0.001), temperature (p < 0.001), year (p = 0.346), and the
interaction between year and temperature (p = 0.004) as predictors of weekly
outmigration abundance estimates (
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Table 1). This model explained 82% of the deviance (pseudo R-squared). An
alternative candidate model, which had a delta AICc of 1.5 and explained 77% of the
deviance, included eDNA rate (p < 0.001) and temperature (p < 0.001) as predictors of
estimated weekly outmigration abundance (Table 1, Figure 7). The simpler model, with a
delta AICc of < 2 and two fewer degrees of freedom, was selected as the best model
because it was more parsimonious and had a negligible difference based on AICc. The
selected model demonstrates that eDNA rate had a significant positive relationship with
the Chinook outmigration abundance (slope = 0.7, SE = 0.097, Table 1, Figure 8) and
temperature had a significant negative relationship with Chinook smolt abundance (slope
= -0.65, SE = 0.106, Table 1, Figure 8). Figure 9 shows the estimates produced by the
best fit model overlayed with the trap estimates. Another candidate model including only
temperature and flow as predictors of smolt abundance did not fit as well, with a delta
AICc of 9.5, but it should be noted that this model explained 70% of the deviance.
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Table 1. Model selection table. All models were generalized linear models with negative
binomial distributions. Continuous variables incorporated in the model are
represented by the numerical effect size. Discrete variables are represented by (+)
and predictors that were not significant are labeled (ns). Best model in bold. (n =
34)

Intercept

eDNA
rate

Temp Yr

11.87

0.59

-0.85 (ns)

11.77

0.70

11.88

weight

% dev
expl

6 0.0

0.5

82

-0.65

4 1.5

0.2

77

0.65

-0.64 (ns)

5 3.1

0.1

78

11.89

0.61

-0.72 (ns)

6 3.4

0.1

80

11.77

0.64

-0.67 (ns)

5 3.4

0.1

78

0.5340 5 4.6

0.0

77

0.0003 4 9.5

0.0

70

3 21.0

0.0

54

4 21.7

0.0

57

0.0004 3 23.4

0.0

51

3 34.3

0.0

31

3 35.4

0.0

29

11.74

-0.68

10.75

-0.62

12.03

0.70

12.21

0.61

Temp:eDNA
rate

Temp:Yr

eDNA
conc

+

(ns)

0.330

(ns)

10.89
12.17
12.11

0.587
-0.85

Flow

df

delta
AICc

30

Figure 7. Log scaled results of generalized linear model with negative binomial
distribution and log link relating the trap estimate to eDNA rate + temperature
with the last four weeks of 2020 removed. Grey shading denotes the 95%
confidence interval.
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Figure 8. Estimated relationship between Chinook smolt abundance and scaled eDNA
rate, with temperature held constant at its median value (left) and estimated
relationship between Chinook smolt abundance and scaled temperature, with
eDNA rate held constant at its median value (right). Top plots show the
relationships on the log scale, bottom plots show relationships on the scale of the
response. Grey points and grey vertical lines represent partial (deviance)
residuals, and grey ribbons represent Wald 95% confidence intervals.
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Figure 9. Estimates of Chinook salmon smolt abundance in 2019 and 2020. Estimate
produced by the rotary screw trap denoted by solid line with red shading
representing the 95% credible interval. Estimate produced by the generalized
linear model with negative binomial distribution and log link (smolt abundance ~
eDNA rate + temperature) using eDNA data from 0.45 µm filters denoted by
dashed line with blue shading representing the 95% credible interval.

33
An initial analysis, fitting a generalized linear model with negative binomial
distribution and log link (smolt abundance ~ eDNA rate + temperature), revealed that
when the estimated Chinook salmon smolt abundance was below 13,500, the eDNA
measurement (copies per liter) was zero or close to zero. Therefore, when the estimated
abundance of smolts dropped below 13,500 per week, the eDNA measurement could not
get any lower and the relationship between the eDNA model and smolt abundance did not
persist (Figure 10). This resulted in removal of the last four weeks of 2020 in the final
analysis (see discussion).
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Figure 10. Log scaled results of generalized linear model with negative binomial
distribution and log link relating the trap estimate to eDNA rate + temperature.
Grey shading denotes the 95% confidence interval. The four points in the bottom
left of the plot represent the last four weeks of 2020 when the trap estimate fell
below 13,500 smolts per week.
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Re-sampling Analysis

The re-sampling analysis suggests that the number of days sampled had a greater
effect on variation in the model than the number of samples per day. The mean deviance
in smolt abundance estimated by the RST explained by the generalized linear model with
negative binomial distribution and log link (smolt abundance ~ eDNA rate + temperature)
ranged from a low of 48.1% (standard deviation (sd) 14.4%) (one sample per day taken
one day per week) to a high of 67.2% (sd 8.4%) (three samples per day taken five days
per week) (
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Table 2, Figure 11). The mean increase in deviance explained for each additional
water sample per day was 0.8%. Increasing from one water sample per day to two
increased the deviance explained by 1% on average and increasing from two to three
added an average 0.6% deviance explained. In contrast, the mean increase in deviance
explained for each additional day sampled was 4.5%. Increasing from one day to two
days per week, two to three, three to four, and four to five increased the deviance
explained by 8.8%, 4.3%, 2.8%, and 2%, on average, respectively. Number of days
sampled had a greater effect on variation in model outcomes with each additional day
sampled decreasing the standard deviation of the percent deviance explained by 1.9%,
and each additional sample per day decreased the standard deviation by 0.4%.
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Table 2. Mean percent deviance explained by a generalized linear model with negative
binomial distribution and log link (smolt abundance ~ eDNA rate + temperature)
fit to data generated by 0.45 µm filters by 10,000 replicate samples (Mean) and
standard deviation (SD) for each combination of number of samples taken per day
(Samples) and number of days sampled per week (Days).
Samples
1
1
1
1
1
2
2
2
2
2
3
3
3
3
3

Days
1
2
3
4
5
1
2
3
4
5
1
2
3
4
5

Mean
48.1
56.6
61.1
63.6
65.5
48.7
57.7
61.7
64.7
66.8
49.1
58.1
62.6
65.4
67.2

SD
14.4
13.2
11.6
10.5
9.4
14.4
12.6
11.1
9.7
8.6
14.3
12.3
10.7
9.4
8.4
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Figure 11. Violin plots showing the distribution of % deviance explained by a generalized
linear model with negative binomial distribution and log link (smolt abundance ~
eDNA rate + temperature) fit to data generated by 0.45 µm filters for 10,000
replicates of each sampling scenario across both 2019 and 2020.
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Filtering Approach Comparison

Environmental samples filtered with 0.45 µm filters produced more target DNA
on average and produced a better estimate of abundance than samples filtered with 3 µm
filters. Weekly mean eDNA concentration produced by 3 µm filters ranged from a
maximum of 657 copies per liter in week 23 to a minimum of 55 copies per liter in week
26. During the same time frame, weekly eDNA concentration produced by 0.45 µm
filters ranged from a maximum of 747 copies per liter in week 16 to a minimum of 65
copies per liter in week 21 (Figure 12). Throughout the course of the season, mean copies
per liter produced by 0.45 µm filters was 414, significantly higher than the mean of 224
produced by 3 µm filters (student’s t-test, p = 0.017). The average filtered volume was 2
liters for 3 µm filters and 0.627 liters for 0.45 µm filters. The model with the lowest AICc
value included the weekly eDNA rate produced by the 0.45 µm filters (p < 0.001) and
temperature (p < 0.001) as predictors of weekly outmigration abundance (Table 3). This
model explained 93% of the deviance (pseudo R-squared) (Figure 13). The model that
had the next lowest AICc (delta AICc = 3.4) explained 91% of the deviance (pseudo Rsquared). This model included eDNA concentration produced by the 0.45 µm filters (p <
0.001) and temperature (p < 0.001) as predictors of estimated weekly outmigration
abundance. The model with the third lowest AICc (348.1, delta AICc = 11.7) was the best
model including an eDNA estimate produced by the 3 µm filters. This model explained
81% of the deviance and included eDNA rate produced by the 3 µm filters (p = 0.407)
and temperature (p < 0.001) as predictors of estimated weekly outmigration abundance

40
(Table 3, Figure 13). Comparison of the predictions produced by the two filter types and
the estimate of abundance produced by the RST shows that the model produced by the
0.45 µm filters much more closely resembles the RST prediction than the model
produced by the 3 µm filters. It is also notable that the 95% credible interval produced by
the filters was much smaller than that produced by the RST estimate (Figure 14).
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Figure 12. Left: Chinook eDNA concentration (copies/liter) in river water, calculated
from samples filtered with 0.45 µm (top) and 3µm filters (bottom). Right:
Chinook eDNA rate calculated from samples filtered with 0.45 µm (top) and 3µm
filters (bottom).

Table 3. Filter type model selection table showing the three best fit models as determined
by AICc. All models were generalized linear models with negative binomial
distributions. Continuous variables incorporated in the model are represented by
the numerical effect size and predictors that were not significant are labeled (ns).
Only the top two models produced by 0.45 µm filters and the top model produced
by 3 µm filters are shown for comparison. The best model for each filter type is
shown in bold. (n=13)
Filter
Type
Intercept
(µm)

eDNA
rate

0.45
0.45

12.04
12.06

0.57

3

12.14

0.14 (ns)

log(copies
Temp
per liter)
0.52

df

delta
AICc

weight

% dev
explained

-0.98
-1.23

4
4

0.0
3.4

0.8
0.2

93
91

-1.28

4

13

0.0

81
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Figure 13 . Log of trap estimate vs. eDNA model prediction for a generalized linear
model with negative binomial distribution and log link (smolt abundance ~ eDNA
rate + temperature) fit to data generated by 0.45 µm filters (left) and 3 µm filters
(right) in 2019. Grey shading denotes the 95% confidence interval.
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Figure 14 estimates of Chinook salmon smolt abundance in 2019. Estimate produced by
the rotary screw trap denoted by solid line with red shading representing the 95%
credible interval, estimate produced by the eDNA model using eDNA data from
0.45 µm filters denoted by dashed line with green shading representing the 95%
credible interval, and estimate produced by the eDNA model using eDNA data
from 3 µm filters denoted by dotted line with blue shading representing the 95%
credible interval.
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Water Sample Comparison

Water sample comparisons were conducted in 2020 and showed that grab samples
produced higher concentrations of eDNA but model results were inconclusive. Weekly
eDNA concentration produced by the composite sampler ranged from a maximum of 390
copies per liter in week 21 to a minimum of 98 in week 16. During the same time frame,
weekly eDNA concentration produced by surface grab samples ranged from a maximum
of 1131 copies per liter in week 21 to a minimum of 152 in week 10 (Figure 15). A
student's t-test revealed that throughout the course of the season, grab samples produced a
significantly higher concentration of eDNA (p = 0.024), the average concentration from
grab samples was 426 copies per liter while the average concentration from the
composite sampler was 223. A generalized linear model with a negative binomial
distribution was fit and included both sample types (composite and grab) to determine
which sample type produced the best prediction of estimated Chinook smolt abundance.
Candidate models included eDNA rate, log(eDNA rate), eDNA concentration, log(eDNA
concentration), and temperature as predictors of Chinook smolt abundance. All candidate
models failed a drop in deviance test, indicating that no model performed better than the
null model.
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Figure 15. Left: eDNA concentration (copies/liter) in river water, calculated from
samples taken from the composite sampler (top) and surface grab samples
(bottom). Right: eDNA rate calculated from samples taken from the composite
sampler (top) and surface grab samples (bottom).
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Internal Positive Control

Cq of the internal positive control (IPC) was measured in 2019 and exhibited
more than two-fold variation across that time period. The mean Cq value of the internal
positive control was used as an indicator of inhibition in qPCR reactions. Mean IPC Cq
value ranged from a maximum of 28.82 to a minimum of 27.25 (Figure 16). A
generalized linear model was fit that included eDNA rate, log(eDNA rate), eDNA
concentration, log(eDNA concentration), temperature, and IPC Cq as predictors of
Chinook Smolt abundance. IPC Cq was not a significant predictor of abundance of
Chinook smolt outmigrants for any possible combination of predictor variables.

Figure 16. Mean of weekly internal positive control (IPC) Cq
measurements in 2019. Cq values are representative of copies
of IPC DNA on a log scale.
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DISCUSSION

Trap and eDNA Estimates of Weekly Smolt Abundance

This study shows that near daily eDNA sampling combined with environmental
covariates produces a reasonable prediction of estimated Chinook salmon smolt
abundance across two seasons in a large-scale production monitoring setting on the
Klamath River. The best fit model, which included flow-corrected eDNA rate and
temperature, explained 77% of the variation in weekly Chinook salmon smolt abundance
estimates. This study also provides valuable information related to filter type, sampling
frequency, and sample collection method. This is the first study to demonstrate the
effectiveness of using eDNA to predict Chinook salmon smolt abundance produced from
rotary screw trap data on a major river. However, limitations in resolving smaller
variations in outmigrants per week remain and may make monitoring with eDNA
infeasible in systems with few fish or declining populations.
A growing literature suggests eDNA concentrations may provide a reasonable
proxy for fish abundance (Tillotson et al. 2018, Levi et al. 2019); however, it is important
to recognize the broad range of abundance estimates considered herein. At the Kinsman
site, total Chinook salmon outmigrating smolt abundance estimates from trapping across
the entire season ranged from 36,685 per week to 1,725,440 in 2019 and from 3,031 to
172,664 in 2020, representing an approximately ten-fold decrease in both the minimum
and maximum number of outmigrants per week from one year to the next. This temporal
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variability allowed us to test the effectiveness of using eDNA across a wide range of
abundance. Across both years the variability between the highest and lowest estimates of
abundance was approximately 100-fold which should create massive differences in
eDNA concentrations flowing downstream, making an ideal setting for estimating
abundance. As seen in 2020, detecting differences between lower abundance estimates
proved to be less tractable with eDNA. A consideration of this approach that should be
noted is the use of weekly outmigration estimates instead of daily estimates. Weekly
intervals were used because they were the available resolution of the current estimation
scheme. Weekly estimates were a constraint of this study because they greatly reduced
the number of data points. If available, daily estimates should be used in future studies as
they may provide more insight into the relationship between eDNA and abundance.
I found that when estimates of smolt abundance dropped below 13,500 per week
the associated eDNA measurements fell below one copy per qPCR reaction. Because
qPCR can’t feasibly measure concentrations of less than one copy per reaction, the
relationship between smolt abundance and eDNA rate does not apply to lower estimates
of smolt abundance. Therefore, estimates of abundance that fell below 13,500 Chinook
salmon smolts per week were removed from the analysis which resulted in the removal of
four data points at the end of the 2020 season. Based on this result, future studies should
determine the lower limit of abundance that can be determined by eDNA measurements.
Volume of water sampled, filter type, extraction method, and assay sensitivity all
play a role in accurate quantification of eDNA concentrations. I applied a standardized
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approach to calculating and reporting the LOD and LOQ for eDNA studies recommended
in a recent paper (Klymus et al. 2019). While almost all of the eDNA concentrations for
this study fall below the calculated LOQ, I found that a relationship between flowcorrected eDNA rate and estimated smolt abundance persists. Only when eDNA
concentrations dropped below one copy per reaction did the relationship break down
completely, in contrast, the LOQ was 14 copies per microliter or 28 copies per reaction.
One possible explanation is that not enough eDNA extract was incorporated into qPCR
reactions. For this study only 2 µl of eDNA extract were loaded into each 15 µl qPCR
reaction, I hypothesize that by scaling the reactions up (perhaps to 50 µl) and
incorporating a higher percentage of eDNA extract (20%) the majority of measured
concentrations may exceed the LOQ leading to more accurate quantification of the true
eDNA concentration. Another consideration is the volume of water filtered for each
sample. On average only 0.63 liters were filtered by 0.45 µm filters which could limit the
total amount of DNA captured. However, while less than one liter was filtered on
average, the filter type comparison showed that the 0.45 µm filters were able to capture
more of the target DNA on average from a smaller volume, than the 3 µm filters captured
from two liters. Another possible limitation is the amount of DNA extracted. Although
total DNA concentration was not measured for this study, it is possible that the amount of
non-target DNA in the extraction is so large that the upper limit of the extraction is met
while the percentage of target DNA in the extract remains very low. Although the
manufacturer's recommendation for maximum DNA concentration was followed, only

50
15-30 nanograms of DNA are expected to be produced by the extraction kit regardless of
the amount of tissue input (Qiagen 2020). Future studies should compare extraction
methods such as Phenol-Chloroform which can produce higher overall yields to test this
hypothesis.
More accurate quantification may lead to a stronger relationship between eDNA
rate and estimated abundance. Another possible modification to this study that may
produce more reliable eDNA concentration estimates is the application of digital droplet
PCR (ddPCR). Doi et al. (2015) showed that ddPCR quantified the concentration of
common carp eDNA more accurately than qPCR, especially at low concentrations. With
ddPCR becoming more prevalent in eDNA experiments (Doi et al. 2015, Capo et al.
2019, Rourke et al. 2020), future studies looking to assess abundance of Chinook salmon
smolts should include eDNA quantification by ddPCR.
To evaluate the utility of eDNA for abundance estimation, I made a direct
comparison to traditional trapping methods that are used to estimate abundance.
However, this approach is not necessarily effective for determining the validity of eDNA
methods (Shelton et al. 2019). The true abundance is unknown, and both eDNA and
traditional approaches of estimating abundance are subject to biases and errors. For
example, the confidence interval for a single week's estimate in 2019 ranged from
210,000 smolts to 3.4 million smolts equating to a range of over 3.2 million while the
estimate for the entire season was 6.3 million. Employing statistical approaches that
simultaneously account for error in both approaches should be considered in future
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analyses. Although there was considerable variation in both methods, the eDNA model
still produced a strong relationship with abundance and may be an even stronger
predictor of true abundance than can be shown by comparison to trap abundance
estimates.
Some recent studies that aim to quantify the efficacy of eDNA-based abundance
estimates for fish, including salmonids (Tillotson et al. 2018, Levi et al. 2019, Takahara
et al. 2012, Schmelzle and Kinziger 2015, Pochardt et al. 2019), have indicated that it is
important to characterize the relationship between eDNA and abundance at a particular
site due to variability in the way the eDNA relates to abiotic factors. The Kinsman Creek
trap site was chosen for this study because of the ongoing long-term monitoring effort.
Measuring eDNA concentrations at a single site through time allowed for
characterization of the relationship between eDNA and estimates of smolt abundance
without the introduction of site-specific variability. The goal of this study was to
determine if measures of eDNA concentration combined with environmental covariates
can accurately predict estimates of Chinook salmon smolt abundance. By including flow
in the eDNA measurement, the dilution of eDNA concentration is accounted for,
providing a more accurate measure of the total amount of eDNA per unit time
(copies/sec). Since the eDNA rate is flow-corrected, flow was not included as a model
covariate. Temperature, however, was included as a model covariate as it has been shown
to affect eDNA concentration in several studies (Pilliod et al. 2014, Lacoursière-Roussel
et al. 2016b, Strickler et al. 2015). Other environmental factors such as pH, turbidity, and
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microbial growth were not included in this study but may help to better characterize the
relationship between eDNA and estimated smolt abundance (Harrison et al. 2019). Flow
measurements at the Kinsman site are estimated from the subtraction of flows on the
Scott river from those at Seiad valley. This estimated flow metric is a possible source of
unaccounted variability in the experimental design. Levi et al. (2019) suggested that
using eDNA to estimate fish abundance would require accurate stream flow
measurements. While flow was incorporated into the eDNA rate on a daily scale,
inaccuracies in measurements due to several large tributaries between the Kinsman site
and Seiad Valley that are unaccounted for may have led to a weakened relationship
between eDNA and abundance.
Temperature has been shown to increase DNA shedding in some studies
(Lacoursière-Roussel et al. 2016b), and to increase the rate of degradation in others
(Strickler et al. 2015). However, it’s important to note that in this study, temperature was
used to predict estimates of fish abundance, not measures of eDNA. Temperature is an
important predictor for estimating the abundance of smolts, due to the influence of
temperature on smolt behavior and migration (Sykes, Johnson, & Shrimpton 2009), in
addition to its effect on eDNA production and degradation. In this study, temperature had
a significant negative relationship with fish abundance. As the sampling season
progresses, smolts are naturally outmigrating and temperature is increasing (transitioning
from winter to spring). Additionally, eDNA production might increase as temperature
increases, and so temperature could influence the relationship between eDNA and
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abundance. While it is difficult to determine the mechanism by which temperature affects
eDNA and Chinook smolt abundance, a model with eDNA rate alone could lead to
inaccurate predictions.
Furthermore, it is difficult to separate the predictive qualities of eDNA from the
environmental covariates. While a model including flow corrected eDNA rate and
temperature explained 77% of the deviance in Chinook smolt abundance, a second model
including only flow and temperature as predictors was able to explain 70% of the
deviance in Chinook smolt abundance. In contrast, a model including only the eDNA rate
as a predictor explained only 54% of the deviance in Chinook smolt abundance. This
implies that the environmental covariates alone are a stronger predictor of abundance
than eDNA alone, and while this may be true, it is difficult to judge the effect of eDNA
alone because its concentration is affected by both flow and temperature. By comparing
the model with eDNA concentration, flow, and temperature as predictors (deviance
explained of 77%) to the model with only flow and temperature as predictors (deviance
explained of 70%) we can say that the addition of eDNA to the model increased the
deviance in Chinook smolt abundance explained by 7%. A likelihood ratio test indicates
strong evidence (p-value = 0.005) that a model adding eDNA concentration provides a
better fit to these data than a model containing only temperature and flow.
This study provided an opportunity to test the relationship between eDNA and
estimated Chinook salmon smolt abundance across two very different years. Trap
estimates of abundance as well as flows were much higher in 2019 than in 2020. This
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amount of variability between years may have contributed to the success of the eDNA
modeling approach. It is much easier to predict a few large changes in abundance than
many small changes. This was exemplified by the inability of the eDNA modeling
approach to produce a model that was better than the null model in 2020 alone while the
same modeling approach explained 93% of the deviance in Chinook smolt abundance in
2019 alone when abundances were much higher.
While the two years were very different in terms of abundance and flow, year, on
its own, did not have a significant effect in the model, meaning that the relationship
between trap estimates of smolt abundance and eDNA rate and temperature was
consistent across the two years. The fact that the relationship was independent of year
holds promise that a standardized approach to modeling abundance using eDNA could be
developed. However, it is still unknown whether a general predictive expression could be
developed for translating eDNA concentrations into Chinook salmon abundance
estimates. If a generalized relationship cannot be developed, it would preclude the
implementation of eDNA as a stand-alone monitoring approach. Alternatively, it is
possible that traps and eDNA surveys could be simultaneously implemented. For
example, surveys could be designed to use frequent eDNA measurements (e.g., daily),
while traditional sampling methods are used less frequently (e.g., subset of weeks) for
validating and calibrating estimates (analogous to the methods of Hankin and Reeves
1988). This approach may hold advantages because eDNA methods can be cheaper than
traditional sampling methods, especially if calibration periods of short duration will meet
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the desired accuracy. Regardless, stand-alone eDNA surveys and eDNA with trap
calibration will require validation and development of appropriate statistical approaches
before they can become suitable for management applications.
Resampling Analysis

As expected, increasing the number of samples per day and the number of days
sampled per week increased the deviance explained by the model. The overall trend
indicated that additional days sampled per week increased the deviance explained more
than additional samples per day. This may be attributed to the fact that samples taken on
the same day are replicate samples and closely resemble one another whereas additional
days sampled per week are more dissimilar to one another and provide better
characterization of the eDNA concentration for a given week. Additional samples per day
and days per week both exhibited diminishing returns as more samples were added.
However, additional samples improved the deviance explained by the model in all cases
suggesting that collecting more samples leads to better characterization of the true eDNA
rate. Based on the results of this analysis, I would recommend collecting no fewer than
three samples per week when conducting an eDNA estimate of abundance study.
Additional samples per week beyond the third, continued to increase the deviance
explained by the model, and if it is feasible, I would recommend sampling up to seven
days per week to get the most accurate results. In this case, additional samples per day
did not have a large effect on the deviance explained by the model, and if enough
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samples per week are being collected, I would expect that the addition of replicate
samples per day would have a minimal effect on the overall abundance metric for a given
week. However, it is important to note that this analysis was only conducted in the
context of the deviance explained by the model across two seasons of sampling. I would
expect that replicate measurements on a given day would increase the accuracy of
abundance predictions on a daily scale.

Filtering Approach Comparison

Filters with smaller pores not only collected more of the target DNA from a
smaller volume of water, but also produced a better estimate of Chinook smolt
abundance. Water quality on the Klamath River is highly variable with large winter flows
increasing river turbidity and warm spring temperatures leading to increased algal
growth. Particles in the water can make filtering difficult, leading to the hypothesis that
filters with larger pore size may be able to filter more water and therefore produce a
stronger relationship with smolt abundance. For this study, the two sample types that
were compared were two-liter grab samples filtered with 3 µm polycarbonate filters
(Takahara et al. 2012, Schmelzle and Kinziger 2016), and one-liter grab samples filtered
with 0.45 µm cellulose nitrate filters (Levi et al. 2019, Tillotson et al. 2018, DiazFerguson et al. 2014). While the 3 µm filters were able to filter more water, on average,
the 0.45 µm cellulose nitrate filter captured more DNA. Furthermore, the 0.45 µm filters
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often clogged before filtering an entire liter but still produced higher estimates of eDNA
copies per liter when corrected for filtered volume. This result is consistent with studies
that have shown that smaller pore sizes are more efficient at capturing eDNA (Turner et
al. 2014). Models using flow-corrected eDNA rate collected by 0.45 µm filters had a
stronger predictive relationship with estimates of abundance than those produced by 3
µm filters. It is clear that in this setting, of the two filter types that were tested, the 0.45
µm cellulose nitrate filters captured more DNA and better characterized Chinook salmon
smolt abundance.
Water Sample Comparison

This study showed that surface grab samples consistently produced a higher
concentration of eDNA than composite samples. The frequency of water sample
collection is a critical consideration for the use of eDNA for estimation of Chinook
salmon smolt abundance. Available evidence indicates that eDNA attenuates
exponentially with distance from the source in riverine systems (Harrison et al. 2019).
Thus, to accurately estimate abundance of Chinook salmon smolts using eDNA, water
collection at regular intervals throughout a 24-hour period was employed using an ISCO
composite sampler. Studies have suggested that eDNA degrades faster in conditions that
are warm and foster growth of microorganisms (Goldberg et al. 2015). A possible
explanation is that the composite samples consistently yielded a lower concentration of
DNA because of the amount of time they were stored at ambient temperatures prior to
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filtration. The first samples making up the composite would have been stored in the
sampler for 24 hours and the last for 2 hours. This variation in storage may have led to
unequal degradation of different timepoints making up the composite, further disrupting
the relationship between eDNA and smolt abundance. Additionally, the location of
sample collection may have played a differential role in the performance of sample types;
grab samples were taken at the surface, while composite samples were collected from the
bottom of the channel. Future studies should make comparisons between grab and
composite samples that are collected and preserved with consistency in time and space.
The goal of this experiment was to determine if grab samples, or composite samples
provided a higher percentage of deviance explained in a model predicting smolt
abundance. Unfortunately, over the time period where the types were compared, no
model provided a better prediction than the null model. This lack of resolution was likely
due to the time period when this comparison was conducted. While the filter type
comparison was conducted in 2019 when the variation in estimates of smolt abundance
ranged from approximately 36,000 to 1.7 million, the variation in 2020 when the water
sample comparison was conducted only ranged from approximately 3000 to 172,000.
Further exploration is needed to determine if composite samples can be used to improve
model predictions of Chinook salmon smolt abundance.
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Internal Positive Control Analysis

Although the IPC showed considerable variation throughout the outmigration
season, it did not have a significant model effect. Because the IPC did not produce a
significant model effect in 2019, measurement of the IPC Cq was discontinued for 2020.
However, the IPC did indicate that there was variation in the amount of inhibition from
one week to the next, and there are several reasons why it may not have been a useful
predictor for this study. One potential issue is that the concentration of the IPC that was
used was more concentrated than the target DNA and may not have been inhibited to the
same degree as an environmental sample at lower concentrations. Future studies should
include IPC in the reaction at the LOQ of the IPC assay. Another possible oversight with
this analysis is that IPC Cq was calculated as the weekly average of all samples; this
could have masked days when inhibition was higher by averaging with days that were
lower. Furthermore, while IPC did not produce a significant model effect, it is not
expected to have an effect on smolt abundance, only on the relationship between eDNA
concentration and smolt abundance. Future studies should examine this relationship
specifically to determine if the IPC can be used to generate more useful models. Perhaps
a delta-delta Cq method could be used to determine target concentrations as a function of
fold change using the IPC as a reference gene; this would adjust concentrations
appropriately for shifts in Cq caused by qPCR inhibition.
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CONCLUSIONS

Results from eDNA surveys are likely to be increasingly incorporated into
management decisions, thus as interest in eDNA surveys grows it is important that the
results of those surveys are reliable and consistent. eDNA holds great promise as a
method to increase the scope of monitoring of Pacific salmon with lower cost and with
minimal impact to depleted stocks and endangered species. With upcoming removal of
dams on the Klamath River, eDNA methods may play a vital role in the monitoring of
recovery of imperiled Chinook salmon in addition to other sensitive species. Results of
this study show that flow-corrected eDNA rate has a predictive relationship with trap
estimates. Furthermore, comparisons between years revealed that large differences in
abundance of Chinook salmon smolts were better characterized by eDNA modeling
approaches than smaller differences. This study was limited by the amount of target DNA
captured from environmental samples; therefore, further studies should investigate
methods to improve eDNA capture and quantification. Another limitation of this study
was the large amount of error in the trap estimates of abundance. To develop a
standardized approach, future studies will need to use multiple methods to characterize
the relationship between eDNA rate and abundance. As interest in eDNA studies
continues to grow rapidly, I am hopeful that advances in methodology will improve the
scope and accuracy of eDNA estimates of salmonid abundance.
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